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Veterans Affairs' (VA) Homelessness Screening Clinical Reminder (HSCR) is one such screening instrument that has been deployed on a wide scale. Since the beginning of Federal Fiscal Year (FFY) 2013, the HSCR has been included in Veterans' medical records as a clinical reminder to be administered to all Veterans who access outpatient care through the Veterans Health Administration (VHA).
The HSCR is part of an ambitious primary prevention approach to address housing instability; however, the existence of the HSCR alone is insufficient to improve housing stability. Prior studies have documented the challenges of effectively using information from self-reported screening instruments on social determinants of health such as housing instability. [20] [21] [22] [23] [24] These challenges fall into two broad categories: (a) determining how to resolve the logistical, resource, and workload issues associated with the collection of information about housing instability and other social factors from patients; and (b) optimizing procedures for taking action on such information. With respect to the first set of challenges, evidence suggests that workload concerns are barriers to the effective implementation of screening tools. For example, clinicians may perceive that screening instruments or clinical reminders like the HSCR do not apply to patients 25 and may experience a phenomenon known as "reminder fatigue" wherein an increasing number of clinical reminders for providers to complete leads to decreasing adherence to intended screening protocols. 26 With respect to the second set of challenges, taking action on information about housing instability and other social factors requires that this information is readily available to health care team members when they are making decisions about how to tailor care, referrals, and follow-up to patient needs. 22 Acting on information about housing instability also requires knowledge about what resources are available to address needs and how to connect people with those resources. 23 Knowledge about which Veterans are at high risk of screening positive for housing instability could inform refinements to the implementation of the HSCR, ensuring that it is administered in a way that efficiently uses clinician and system resources. Such knowledge could also help establish standardized procedures to use information about Veterans' risk of housing instability to engage them with appropriate services. In the present study, we used measures obtained from Veterans' electronic medical records to develop and test predictive models of their risk of screening positive for housing instability or homelessness when responding to the HSCR. We evaluated the performance of both a conventional regression modeling approach and a widely used machine learning algorithm to assess whether the latter approach resulted in better performance. Finally, we examined the concentration of risk of positive screening in specific strata of Veteran respondents to better understand the potential development of more targeted screening and intervention approaches, stratified by risk.
| ME THODS

| Sample
We identified the study sample using data collected from Veteran respondents to the HSCR. The two questions that comprise the HSCR are: 
| Measures
| Analysis
We used stratified random sampling, based on whether Veterans reported any housing instability, to assign 80% of individuals in the sample to a development sample, which was used to develop the predictive models for each outcome. The remaining 20% served as a validation sample to evaluate model performance. Stratification ensured a relatively equal proportion of Veterans reporting housing instability and homelessness in both the development and validation samples.
We tested two classification methods for predicting each of the outcome measures based on the full set of predictor variables. First, we employed multivariable binary logistic regression. We applied parameter estimates from the logistic regression model estimated using the development sample to generate predicted probabilities for each outcome for individuals in the validation sample. We evaluated model performance using several metrics including area under the receiver operating characteristic curve (AUROC), sensitivity (true positive rate) and specificity (true negative rate). Because of the low rate of positive responses to the HSCR indicating housing instability and homelessness, we also examined a metric that is sensitive to the underlying prevalence of an outcome in the population of interest. Specifically, we used positive predictive value, which measures true positives as a proportion of all model predicted positives.
Holding AUROC constant, positive predictive value will be lower as the baseline prevalence of an outcome in a population decreases.
We also ranked Veterans in the validation sample on the basis of their predicted probabilities for each outcome and classified them into risk strata comprised of persons in the top 0.5%, 1%, 5%, 10%, 25% 50%, and 75% of the predicted risk distribution. We selected these tiers based on prior research that found them to be operationally useful for the development of a predictive model of suicide risk in the VHA. 36, 37 We initially estimated logistic regression models using all individuals in the development sample. However, the small proportion of cases reporting housing instability and homelessness (1.8% and 0.18%, respectively) resulted in models that had near perfect specificity but extremely poor sensitivity. We then used an approach known as downsampling 38 to balance the outcome class membership of the development sample by retaining all individuals who screened positive and randomly selecting an equal number of cases who screened negative. All cases were retained in the validation sample to assess model performance on a dataset that is likely to align with real world conditions. Results are based on the models estimated using the downsampled development sample.
We also tested a machine learning algorithm known as random forests to assess its performance relative to logistic regression. The random forests method develops predictions of outcome class membership by combining the results from a large number-or a "forest"-of classification tree models. Classification tree models work through a recursive partitioning of the complete set of predictors into a simpler number of regions, with the predicted outcome for a given observation determined by the most commonly occurring outcome value of all observations in the region in which a given observation falls. 39 Classification tree models search through all possible values of all possible predictors to identify specific predictors and distinct split values for the predictor that results in a separation of the data into two separate groups, minimizing heterogeneity with respect to the outcome of interest. In the current context, a classification tree might initially identify a split of the data into those age 50 and younger and those older than 50 as the "best" break point in that, relative to all other possible split points of all other variables, this split minimizes heterogeneity between observations in each of these two subgroups with respect to housing instability. This process would then repeat itself to identify the next best predictor and cut point to split the existing two regions into three regions, and so on until some stopping rule is reached, such as requiring each region to have no more than 10 observations. Classification trees have two notable advantages to regression-based methods. First, classification trees do not assume that the relationship between the predictor variables and the outcome follows any specific functional form. Second, by recursively partitioning the data based on the set of independent variables, classification trees automatically account for interaction effects between variables, whereas interactions need to be specified a priori in regression-based models.
Random forests create a large number of classification trees by using a correspondingly large number of boostrapped samples from the data (ie, samples randomly selected with replacement from the original sample). However, each classification tree is built using only a random subset of predictors, rather than the full set. By using only a subset of predictors, predictions generated across trees are independent. Random forests models must be "tuned" to select the optimal number of predictor variables to be considered when growing each classification tree. In the present study, we tuned the random forests models on the training data using an approach known as fivefold cross validation, 39 and used AUROC in the model tuning process to select the optimal value for the tuning parameter. As with the logistic regression models, we used downsampling to deal with outcome class imbalance when training the random forests model and evaluated model performance using the full validation sample.
Our main analyses included all predictor variables; however, given that prior homelessness is known to be a strong predictor of future homelessness, we estimated an additional set of models that did not include prior use of VHA Homeless Programs. We also conducted sep- (OEF/OIF), and older Veterans (age 55 years and older). The first two of these groups are younger and will comprise increasingly large shares of the Veteran population 40 and the third group is likely to comprise a larger share of the homeless Veteran population due to an age cohort effect in the homeless Veteran population. 41 All analyses were conducted using the R environment for statistical computing; 42 random forests models were estimated using the caret package, 43 which was designed specifically for the development of predictive models in R. Table 1 shows the characteristics of the full study sample. There were pronounced differences between those who screened positive for any housing instability or homelessness and those who screened negative with respect to age, race, marital status, and recent use of VHA Homeless Programs as well as inpatient and outpatient care related to behavioral health. Those who screened positive for housing instability or homelessness had markedly higher rates of diagnoses for psychoses, depression, alcohol and drug abuse, liver disease, and HIV/AIDS. There were no substantively meaningful differences between Veterans in the development and validation samples (see Table S1 ). Table 2 summarizes the performance of the models predicting housing instability and homelessness. AUROC values for all models were acceptable to excellent by conventional guidelines, 44 with the random forests models performing better than the logistic regression models for both the housing instability (85.4 vs 78.3) and homeless (91.6 vs 87.1) outcomes. For both outcomes, the random forests models had higher sensitivity, correctly identifying more Veterans who screened positive. However, they had lower specificity, identifying more false positives. Positive predictive value was quite low in absolute terms for all models, suggesting that all models identified a large number of false positive for every true positive identified. Results of the models that excluded VHA Homeless Program predictors were highly similar to the models that included them.
| RE SULTS
| Model performance
Applying the models to the validation sample resulted in a noticeable decline in performance for the random forests models, but not the logistic regression models, suggesting a problem of overfitting in the development sample for the random forests models. The random forests models were more sensitive than the logistic regression models for the housing instability (78.5% vs 72.6%) and homelessness (83.4% vs 82.1%) outcomes, and more specific for the homelessness outcome (77.7 vs 77.6), but less specific for the housing instability outcome (67.4% vs 70.3%). Assuming the baseline prevalence of housing instability is held constant at 1.8%, the sensitivity-specificity tradeoff for the housing instability outcome measure would translate into an additional 106 Veterans correctly identified per 100 000 Veterans screened at the expense of an additional 2848 false negatives.
The positive predictive value for the random forests and logistic regression models were highly similar for both outcomes. For Table S2 and Appendix Figure S1 .)
| Concentration of risk
| D ISCUSS I ON
This study demonstrated that predictive models based on medical record data can effectively identify Veterans who are at an elevated risk of reporting housing instability or homelessness when responding to a brief screening instrument administered in a clinical setting.
Our models were generally more sensitive than specific, indicating better performance in correctly identifying Veterans reporting housing instability or homelessness than in correctly identifying Veterans not reporting these experiences. In this context, higher sensitivity may be more desirable than high specificity if the goal is to correctly TA B L E 2 Summary of performance of predictive models of any housing instability and homelessness identify as many individuals experiencing a rare phenomenon such as homelessness.
Models predicting homelessness were both more sensitive and more specific than models predicting any housing instability. This finding is consistent with an understanding of homelessness as a distinct and acute form of housing instability and suggests that risk factors for homelessness are more pronounced in electronic medical records. We also found a strong concentration of the risk of screening positive for housing instability and homelessness in the top risk tiers, with Veterans in the top half of the risk distribution accounting for 90% or more of all Veterans who screened positive for these outcomes.
When comparing model approaches, the random forests models performed slightly better than the logistic regression models by some performance metrics, but there were not substantial differences between the two model types overall. This modest improvement in the performance of random forests relative to logistic regression parallels findings from a study that compared the performance of these two models in terms of their ability to predict reentry into the homeless assistance system. Recent research has suggested that exactly this approach-limiting screening to only a subset of patients and using information in electronic medical records to target this subset-should be given consideration as a potential strategy for minimizing the workload burden placed on health care teams when administering screenings for social determinants of health. 23 In the aggregate, this approach would greatly reduce the amount of clinician time dedicated to the TA B L E 3 Concentration of risk of screening positive for any housing instability and homelessness among Veterans in validation sample, by tier of predicted probability and model HSCR given the size of the VHA patient population. Such a reduction is a nontrivial issue in the VHA system, where clinicians may be asked to complete many screening instruments, including for other social factors such as food insecurity 47 and intimate partner violence. 48 An alternative approach might be to maintain universal administration of the HSCR and institute certain risk-stratified modifications, such as screening those in lower risk strata less frequently and those in higher risk strata more frequently. This would result in more efficient use of clinician and system resources while addressing concerns about the unintended consequences of targeted screening for social determinants of health, such as missing patients who experience a sudden change in risk or the possible stigmatization that may be associated with screening only certain persons. 20 We believe that both a targeted and modified universal approach would be reasonable, but also argue that decisions about changing the HSCR should be made in a deliberative manner, involving input from clinicians, patients, and other stakeholders. As an extension of the current study, we conducted qualitative interviews with both patients and clinicians who have administered or responded to the HSCR. Findings from these interviews will inform refinements to the implementation of the HSCR and revision of our set of predictor variables to improve the accuracy of our models.
Our findings could also be used to inform new procedures to help engage high-risk Veterans with appropriate services. At present, the HSCR only triggers potential engagement with specialized homeless program or social work services at the time when it is administered. This could change, however, if information about model-predicted risk of reporting housing instability or homelessness were to be embedded in Veterans' electronic medical record and clinicians were alerted when a patient is identified as being at a high risk. Our models could be used to generate and periodically update this risk score even for Veterans who are not scheduled to complete the HSCR during a given service episode. Such information could inform clinicians' actions about how to tailor care and referrals. Proactive efforts may be made to engage Veterans in the very highest-risk tiers of housing instability or homelessness, even before they are screened. For example, VA social work and homeless program staff could conduct targeted outreach efforts to high-risk Veterans to conduct more in-depth assessments and facilitate linkages to services. In the ideal case, automated systems might trigger action on this information, perhaps by prompting clinicians to make referrals to resources available to address housing instability, or even by automating the referral itself. 22 From a broader perspective, targeting interventions to Veterans identified as being at high risk even before they are screened has the potential of preventing housing instability or homelessness before they occur.
Implications from our study extend beyond the VA system.
Other health care systems could adapt our model using their own medical records to identify persons who may be at high risk of housing instability or homelessness, and use this information to tailor screening approaches or other interventions. The VA is a unique system that offers a full spectrum of health, behavioral health, rehabilitation, social work, and specialized homeless assistance services; other health care systems may not have access to the complete set of predictors that we included in our models. However, the inclusion of a predictor for prior use of VHA Homeless programs-the type of predictor that other health care systems are unlikely to be able to obtain-had little impact on the performance of our models, which suggests that our approach may be generalizable to other settings. Adapting our model and testing its performance in other settings is an important goal for future research.
This study has several limitations. First, we were only able to assess predictors available in Veterans' electronic medical records.
Although this allowed us to include many known correlates of home- There is growing interest in screening for and addressing housing instability within health care systems. Yet, the success of efforts to do so depends on the resolution of the key questions of how to collect information about housing instability from patients and how to intervene to address identified needs. Findings from this study demonstrate how predictive models based on electronic medical record data might be of use to health care systems in addressing these questions. As we have argued, this information might be used by health care systems to tailor their screening and intervention procedures; any application of information from these models should be the product of careful deliberation and rigorously evaluated once implemented. Veterans. The funders had no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript.
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